In this paper, a new environmental sustainability indicator (ESI) is proposed to evaluate photovoltaic (PV) cells utilizing Life Cycle Analysis (LCA) principles. The proposed indicator is based on a model that employs a fuzzy logic algorithm to combine multiple factors, usually used in multiple LCAs, and produce results allowing a comprehensive interpretation of LCA phase sub-results leading to standardized comparisons of various PV cells. Such comparisons would be essential for policymakers and PV cell manufacturers and users, as they allow for fair assessment of the environmental sustainability of a particular type of PV with multiple factors. The output of the proposed model was tested and verified against published information on LCAs related to PV cells. A distinct feature of this fuzzy logic model is its expandability, allowing more factors to be included in the future, as desired by the users, or dictated by a new discovery. It also provides a platform that can be used to evaluate other families of products. Moreover, standardizing the comparison process helps in improving the sustainability of PV cells through targeting individual relevant factors for changes while tracking the combined final impact of these changes on the overall environmental sustainability of the PV cell.
Introduction
Photovoltaic (PV) cells have been widely used all over the world as a source of clean and inexpensive energy, and they reached an estimated total capacity of more than 402 GW by 2017 [1] . However, considering their entire life cycle, PV cells are not completely environment-friendly, due to noticeable amounts of CO 2 emissions at various stages of their life cycle, such as during manufacturing, maintenance, and cleaning [2] . Moreover, with the increasing in use of PV cells, there will be high demand on the use of resources, including non-renewable ones like coal, to build PV cells. In addition, increased levels of waste at the end of PV cells' life will come into play [3] [4] [5] . As a result, researchers started to examine the relation between PV cells and the environment using combinations of Life Cycle Assessment (LCA) methods, with a major goal of minimizing CO 2 emissions during the entire life of PV cells [6] [7] [8] . This effort has been underway to find a unified measuring standard of PV cells' environmental friendliness, or sustainability, that combines more than one factor in the LCA [9] . Greenhouse gas (GHG), energy payback time (EPBT), PV cell efficiency, and cumulative energy demand (CED), are the most common environmental indicators that can be used to evaluate the environmental evaluate the overall environmental impact for PV cells [10] [11] [12] [13] . Other studies used a combination of EPBT and GHG in the evaluation of the most environmentally-friendly PVs [14] [15] [16] . A third set of LCA studies identified the most environmentally-friendly PV cell by normalizing the GHG values with respect to one type of PV cell, which is the mono-Si PV cell [17] . Meanwhile, other factors were hardly considered in any study because of the lack of data for most types of PV cells [18] , such as: human toxicity potential, freshwater eutrophication, freshwater eco-toxicity, abiotic depletion potential, photochemical ozone creation potential, and PV cell economics [19] [20] [21] . As a result, determining the sustainability of a particular PV cell continues to be a challenge because none of the existing studies uses the same metrics or measurement method to evaluate the environmental sustainability of PV cells with as many factors included as possible.
In order to find the environmental impact, or sustainability, for a certain PV cell type, the combined effect of as many factors as possible, should be considered. Moreover, a standard measuring method and a common scale should be used to produce a reliable measurement result or label for each type of PV cell being assessed that shows where it stands amongst competition in terms of sustainability.
Most published LCA results provide multiple comparisons between PV cells depending on one factor at a time, which is prone to producing contradicting results. Figure 1 shows results of different LCA studies where a-Si PV cell has higher GHG and EPBT while simultaneously it has a relatively low manufacturing energy [22] [23] [24] . Also, LCA results show that CdTe has less GHG and EPBT if compared to CIS, but CdTe has a lower efficiency and requires more energy in manufacturing when compared to CIS. These are examples of the complexity and difficulty associated with judging which PV cell has the least or most environmental impact based on one parameter at a time, based on multiple separate parameters at the same time. The comparison will be difficult when multiple PV cell types are included, as shown in Figure 2 [25] .
literature as an alternative to the packaged systems [33] [34] [35] [36] . In general, fuzzy logic modeling allows the development of a mathematical relationship between complex and nonlinear inputs like GHG, EPBT, and CED, as inputs, leading to an output that combines their effect rationally resulting in finding their collective environmental impact. This paper aims to propose a new design of a fuzzybased environmental sustainability indicator (ESI) that can be used to measure and rank PV cells based on LCA sub-results, as shown in the next section. ESI provides comparable results for different PV cells based on a combination of multiple one-factor-based LCA values for each cell, such as EPBT, and GHG. Moreover, ESI can be easily adjusted to meet the policymaker's requirements in different countries. PV cell users need to know how much clean energy will be produced and used every month by using their respective PV cells. At the same time, they also have the right to know how many tons of CO2 were released during the manufacturing and processing of these PV cells. Additionally, they should consider the CO2 emissions associated with the running process of their PV cells, and the disposal process of the PV cell at its end-of-life. While there are many types of PV cells in the market with claims of being environmentally sustainable, combined with the aforementioned concerns and Some literature reports attempt to resolve the aforementioned issue of comparing different PV cells using a single metric. For instance, ecological indicators such as Eco-indicator 99 has been used in published studies to find the environmental impact of different human activities, especially in the PV industry [26] [27] [28] [29] [30] . Eco-indicator 99 is embedded inside LCA packages like GaBi [31] and Simapro [32] . However, the output of this system is binary, with pre-set thresholds which are not flexible or easy to customize. As a result, other flexible methods, such as fuzzy logic, have been proposed in the literature as an alternative to the packaged systems [33] [34] [35] [36] . In general, fuzzy logic modeling allows the development of a mathematical relationship between complex and nonlinear inputs like GHG, EPBT, and CED, as inputs, leading to an output that combines their effect rationally resulting in finding their collective environmental impact. This paper aims to propose a new design of a fuzzy-based environmental sustainability indicator (ESI) that can be used to measure and rank PV cells based on LCA sub-results, as shown in the next section. ESI provides comparable results for different PV cells based on a combination of multiple one-factor-based LCA values for each cell, such as EPBT, and GHG. Moreover, ESI can be easily adjusted to meet the policymaker's requirements in different countries.
PV cell users need to know how much clean energy will be produced and used every month by using their respective PV cells. At the same time, they also have the right to know how many tons of CO 2 were released during the manufacturing and processing of these PV cells. Additionally, they should consider the CO 2 emissions associated with the running process of their PV cells, and the disposal process of the PV cell at its end-of-life. While there are many types of PV cells in the market with claims of being environmentally sustainable, combined with the aforementioned concerns and factors to consider, judging which is the most environmentally sustainable of these PV cells and what area to improve within their life cycle becomes a significant challenge, even when utilizing traditional LCAs. Therefore, this study is intended to help evaluate the environmental impact and sustainability of PV cells using a comprehensive model that includes the bigger context of their entire life, while allowing a higher level analysis of the complex relation between the different factors contributing to this impact. The results of this model would be a standard indicator that will help in identifying areas of future improvements in PV design, materials, manufacturing, operation, and recycling, while keeping the combined final effect in check. This is all while maintaining the bigger goal of always minimizing PV cells' harmful and irreversible impact on humans and the environment, including the CO 2 emissions related to PV cells' industry and operation [37, 38] .
Aside from the set of quantifiable factors mentioned above (i.e., EPBT and GHG), another set of concerns, related to the wider context of societal impact of this technology, have also surfaced recently such as child labor and low-income labor in mining and production of materials like silicon. As a specific example, social and health related concerns have surfaced as a result of continuous inhalation of crystalline silicon, which is known to cause different lung diseases like the silicosis, which is one of the most common industry-related diseases worldwide [39, 40] . Including such concerns in the evaluation method of PV cells' environmental sustainability would be very advantageous, particularly if the evaluation is based on a standard measuring scale [41] [42] [43] . To the best of the authors' knowledge, there are no data that can be used to evaluate the social and health impacts of different PV cell types. Unfortunately, most of the available information is in anecdotal forms.
In the following parts of this paper, a general description of a typical LCA will be provided. This will be followed by a detailed description of the factors which have major contribution to the environmental sustainability of PV cells, as well as other factors to be considered in this holistic approach, leading to a discussion of potential improvement areas in the life cycle of a typical PV cell. A description of the proposed method to evaluate sustainability of a PV cell type, and the related fuzzy logic base of the model, allowing the combination of multiple factors in typical LCAs, will follow. Finally, a standardized indicator will be presented as an outcome of this model, followed by verification results and conclusions.
LCA Framework
In general, life cycle analysis aims to find the impact on the environment caused by a certain product through the different stages of its life. A typical LCA consist of four main stages [9] [10] [11] [12] . Figure 3 shows the four stages with some details of the analysis stage.
1.
Goal and scope: this stage defines the LCA objective and boundaries. 2.
Inventory analysis: this stage includes the examination of the amount of pollutants and materials involved during the entire life of PV cells. 3.
Impact assessment: in this stage the amount of required energy, produced pollutants, and involved problems, that will exist during the whole life of PV cell, are emulated.
4.
Interpretation: this is the stage of the final conclusion regarding the impact of a certain PV cell on the environment, which is required to explore any opportunities to reduce that impact.
Such a LCA involves one of the many factors that can be used to assess the impact of PV cells on the environment, but without combining multiple factors. The most important and common factors which are usually considered in any LCA include: Energy payback time (EPBT), Greenhouse gas (GHG), Cumulative energy demand (CED), Efficiency, and a Risk factor. Such LCA studies allow a comparison of different products in terms of environmental friendliness based on one of these factors at a time. In addition to the previously listed factors, the literature includes other factors that could affect the environment such as [23] :
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LCA Framework
In general, life cycle analysis aims to find the impact on the environment caused by a certain product through the different stages of its life. A typical LCA consist of four main stages [9] [10] [11] [12] . Figure  3 shows the four stages with some details of the analysis stage. Unfortunately, only sporadic literature and incomplete information exist in relation to these factors, which does not provide reliable grounds or sufficient quantifiable data to include them as critical elements in this study [44] . These factors formulate a topic which presents an active area for future research and development to quantify, and improve, the societal and health impact of PV cells.
Critical Factors Influencing PV Cells' Environmental Sustainability

Energy Payback Time (EPBT)
EPBT is considered the most important factor in the context of environmental impact of PV cells as an energy source. EPBT is defined as the time required for PV cells to produce the same amount of energy that will be consumed during their manufacturing, operation, and landfilling, as calculated by Equation (1) [45] [46] [47] 
where E in represent the total amount of energy consumed starting from PV raw material production to the end of life in energy units, while E PV,annual represents the total amount of energy produced by that PV cell. For E in to be most inclusive, it should contain any other energy used for cabling, transportation, installation, maintenance and recycling [48] .
Greenhouse Gas (GHG)
The second factor is Greenhouse gas (GHG) emissions, which can be expressed in terms of CO 2 equivalent. GHG has been used as a measure for the environmental impact of all power generation systems, where lower is better. In general, the GHG rate is measured in units of gram carbon monoxide equivalent per kilowatt-hour (g CO 2eq /kWh) which can be calculated as the ratio of total emissions during the entire life of a PV cell to the total electricity generated during the same period as, shown by Equation (2).
GHG rate = GHG entire li f e E PV,entire li f e (2)
where: GHG entire li f e represent the total amount of GHG emissions starting from PV raw material production to the end of life in energy units, while E PV,entire life represents the total amount of energy produced by that PV cell. LCA studies show that electricity generated from PV cells has very low GHG emissions compared to electricity generated from fossil fuel sources, as shown in Figure 4 . Meanwhile, the figure also shows that other sources of energy, such as nuclear, have comparable GHG emissions with PV cell systems. where: represent the total amount of GHG emissions starting from PV raw material production to the end of life in energy units, while EPV,entire life represents the total amount of energy produced by that PV cell.
LCA studies show that electricity generated from PV cells has very low GHG emissions compared to electricity generated from fossil fuel sources, as shown in Figure 4 . Meanwhile, the figure also shows that other sources of energy, such as nuclear, have comparable GHG emissions with PV cell systems. 
Cumulative Energy Demand (CED)
This is defined as the cumulative energy demand, measured in units of (MJ) of primary energy, that is required to build one meter square of a PV cell panel. Historical CED data of PV cells show a reduction in energy demand by time, due to advances in manufacturing technology as shown in Figure 5 . 
This is defined as the cumulative energy demand, measured in units of (MJ) of primary energy, that is required to build one meter square of a PV cell panel. Historical CED data of PV cells show a reduction in energy demand by time, due to advances in manufacturing technology as shown in 
Risk Factor
Risk potential of PV cells is mainly due to chemicals' processing, production, and recycling for PV cells. Records show few injuries and economic losses throughout a PV cell's life. Unlike other energy sectors, the PV sector has never had any major accidents similar to those associated with nuclear reactors.
In all energy sectors, risk can be classified under four main categories, based on the severity of 
In all energy sectors, risk can be classified under four main categories, based on the severity of the accident and its frequency of occurrence, as follows [49, 52, 53] :
A.
Normal operation risk that has acceptable consequences during normal operation like GHG emissions or chemical waste. B.
Routine accidents risk that occur frequently with low impact like small leakage of chemicals and transportation accidents. C.
Severe accidents risk that has less occurrence and high impact like nuclear core meltdown or explosion. D.
Difficult to evaluate risk like geopolitical and energy security uncertainty.
A considerable amount of toxic and flammable materials are used during PV cells' processing and manufacturing. The risk during PV cells' installation and recycling can be neglected because there are no chemicals required [54] . PV cells are much safer and have a low rate of injury compared to other sources of electricity generation. Unless a significant change happens in future PV cells' production technologies, the same can be assumed when it comes to the risk factors.
Fuzzy Based Environmental Sustainability Indicator
The proposed environmental sustainability indicator (ESI) is based on a fuzzy model which is usually processed using a software such as MATLAB [55] . The process of producing the final indicator value based on multiple inputs through the proposed model is demonstrated graphically in Figure 6 . The process goes through three main units: Fuzzification unit, Decision-making unit, and Defuzzification unit, with a crisp output from 0 to 10, as a value of the indicator where the lowest represent better environmental impact and better sustainability. As a starting point, the ESI was derived based on four inputs, which are: GHG, EBPT, CED, and PV cell efficiency. The Fuzzification unit reads the GHG, EPBT, Energy, and efficiency as crisp values and converts these values to fuzzy quantities or linguistic labels like Low, Mid, or High. The conversion process can be done with the help of a Generalized bell-shaped membership function for each input, as shown in Figure 7 . Membership functions cover the entire range of possible values for any input. The conversion process from crisp numbers to linguistic labels is similar to the process of converting grades from a percentage value to a letter grade, in a typical college course. A detailed example showing all calculations is provided in Appendix A. The Fuzzification unit reads the GHG, EPBT, Energy, and efficiency as crisp values and converts these values to fuzzy quantities or linguistic labels like Low, Mid, or High. The conversion process can be done with the help of a Generalized bell-shaped membership function for each input, as shown in Figure 7 . Membership functions cover the entire range of possible values for any input. The conversion process from crisp numbers to linguistic labels is similar to the process of converting grades from a percentage value to a letter grade, in a typical college course. A detailed example showing all calculations is provided in Appendix A. In the decision making unit, the model will read the linguistic values for all inputs and, based on previously stored knowledge and rules, this unit will find the Environmental indicator as a linguistic value from the following: Low, Mid, or High, as shown in Figure 8 . The rules of this Fuzzy model were derived based on known and real effects for each input in the LCA. Having four inputs and three membership functions for each results in a total number of combination rules equivalent to 3 = 81 different rules (or case) as shown in Figure 9 . For example, if GHG value is high, CED is mid, EPBT is mid, and Efficiency is mid then the ESI is high.
The LCA result in Figure 1 was used as an input to this model to find the ESI. Final model results for ESI show that a-Si PV type cells have the highest value, while Organic Solar Cells (OPV) type PV cells have the lowest result, making them the most environmentally-friendly, or sustainable, product in the group tested, as shown in Figure 10 . In the decision making unit, the model will read the linguistic values for all inputs and, based on previously stored knowledge and rules, this unit will find the Environmental indicator as a linguistic value from the following: Low, Mid, or High, as shown in Figure 8 . The rules of this Fuzzy model were derived based on known and real effects for each input in the LCA. Having four inputs and three membership functions for each results in a total number of combination rules equivalent to 3 4 = 81 different rules (or case) as shown in Figure 9 . For example, if GHG value is high, CED is mid, EPBT is mid, and Efficiency is mid then the ESI is high.
The LCA result in Figure 1 was used as an input to this model to find the ESI. Final model results for ESI show that a-Si PV type cells have the highest value, while Organic Solar Cells (OPV) type PV cells have the lowest result, making them the most environmentally-friendly, or sustainable, product in the group tested, as shown in Figure 10 . Using the same model, the ESI value was calculated for all PV cells in Figure 2 , and the results show that the GaInP/GaAs (25.91%) has the highest ESI value as shown in Figure 11 , while CdTe (13%) has the lowest ESI within all PV cells in Figure 2 . Using the same model, the ESI value was calculated for all PV cells in Figure 2 , and the results show that the GaInP/GaAs (25.91%) has the highest ESI value as shown in Figure 11 , while CdTe (13%) has the lowest ESI within all PV cells in Figure 2 . Using the same model, the ESI value was calculated for all PV cells in Figure 2 , and the results show that the GaInP/GaAs (25.91%) has the highest ESI value as shown in Figure 11 , while CdTe (13%) has the lowest ESI within all PV cells in Figure 2 . 
Conclusions
Use of PV cells has increased significantly due to their efficiency and environmental friendliness, or sustainability. However, when comprehensively considering any LCA of a PV cell, as well as other broader effects, such as societal and health impacts, results indicate less than optimal sustainability and environmental-friendliness. In addition, many PV cells' producers claim that their product is superior to the competition, without presenting any type of standardized scale for measurement and evaluation of the environmental-friendliness of these products. The best comparisons that can be found in the literature rely on LCAs based on one factor or another, but neither on any combination of factors, nor on any comprehensive evaluation approach.
While LCAs are the correct way to go for measuring and evaluating the sustainability of different PV cells, an enhancement of the entire process can be achieved if a combination of factors can be included in the analysis, leading to a standard scale that can be expanded to include as many factors as needed, and as many products as needed. For example, Figure 2 shows that the p-Si (13.2%) cell has lower GHG emissions compared to the r-Si (11.5%) cell. However, the EPBT comparison shows a different thing because the p-Si (13.2%) has more EPBT than r-Si (11.5%). Consequently, simple numerical comparison to find the most environmentally-friendly PV cell can never provide reliable answers because of these inherent variations in the individual factors (i.e., GHG, EPBT, CED, and efficiency).
The proposed ESI model, explained in this paper, can deal with all these variations and related complexity associated with all factors. Moreover, it provides a standard comparison scale for the sustainability of PV cells. As a starting point, the paper included the major known factors, such as: EPBT, GHG, CED, and efficiency. However, the model is flexible and able to include any other factors as needed, or as they become available.
The model presented in this paper is a fuzzy logic-based model that allows such combination of complex non-linear factors to occur, as desired by the user, producing results in a standard scale that can provide comparisons between many products simultaneously. These results are critical to users, policymakers, and manufacturers, in decisions answering questions like: which PV cell type is the most suitable for the intended application with consideration to sustainability, and where improvements can be applied to achieve superior performance and comprehensive sustainability compared to existing PV cells in the market, to name a few. 
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Appendix A. ESI Calculation Example
This example demonstrates how the ESI is calculated based on the proposed model. Consider the case of Mono Silicon as shown in Figure 1 , which has GHG = 45 g Co2 eq/kWh, CED = 5253 MJ/m 2 , EPBT = 2.7 year, and Efficiency = 14%. The first step includes Fuzzification of all inputs using Figure 7 to find the corresponding membership value for each one of the four inputs and at every membership function: Low, Mid, and High. Results are shown in Table A1 . The second step includes using all of the 81 rules shown in Figure 9 to find the ESI number. For the example at hand, and using Table A1 , GHG is High, CED is Mid, EPBT is Mid, and the Efficiency is Mid, which correspond as shown in Figure 9 and Table A2 . The following steps are applied to this case:
Substitute the input membership values inside the rule as shown in Table A2 . B.
Take the minimum of these values, which is 0.634 for this case. C.
Based on this rule, the ESI is high.
The next step includes investigating the ESI-high function in Figure 8 (Output membership functions). This is followed by calculating the area under y = 0.634 in the ESI-High function as shown in Figure A1 . Finally, during the de-Fuzzification step, steps A, B, C, and the area under the curve calculation are repeated for the 81 rules, resulting in an output which is a certain area under one of the membership functions, per each attempt. The sum of all of these areas together as shown in Figure A2 provides a total area where the centroid of this area will be the output of the fuzzy model, or it is the ESI for the Mono Silicon which is 6.26. Finally, during the de-Fuzzification step, steps A, B, C, and the area under the curve calculation are repeated for the 81 rules, resulting in an output which is a certain area under one of the membership functions, per each attempt. The sum of all of these areas together as shown in Figure  A2 provides a total area where the centroid of this area will be the output of the fuzzy model, or it is the ESI for the Mono Silicon which is 6.26. Finally, during the de-Fuzzification step, steps A, B, C, and the area under the curve calculation are repeated for the 81 rules, resulting in an output which is a certain area under one of the membership functions, per each attempt. The sum of all of these areas together as shown in Figure  A2 provides a total area where the centroid of this area will be the output of the fuzzy model, or it is the ESI for the Mono Silicon which is 6.26. 
